The effects of hypertension are chronic and continuous; it affects gait, balance, and fall risk. Therefore, it is desirable to assess gait health across hypertensive and nonhypertensive subjects in order to prevent or reduce the risk of falls. Analysis of electromyography (EMG) signals can identify age related changes of neuromuscular activation due to various neuropathies and myopathies, but it is difficult to translate these medical changes to clinical diagnosis. To examine and compare geriatrics patients with these gaitaltering diseases, we acquire EMG muscle activation signals, and by use of a timesynchronized mat capable of recording pressure information, we localize the EMG data to the gait cycle, ensuring identical comparison across subjects. Using time-frequency analysis on the EMG signal, in conjunction with several parameters obtained from the time-frequency analyses, we can determine the statistical discrepancy between diseases. We base these parameters on physiological manifestations caused by hypertension, as well as other comorbities that affect the geriatrics community. Using these metrics in a small population, we identify a statistical discrepancy between a control group and subjects with hypertension, neuropathy, diabetes, osteoporosis, arthritis, and several other common diseases which severely affect the geriatrics community.
Introduction
For the older adult population, falls continue to be a threat to morbidity and mortality [1] . Falls accounted for some $19.5 billion dollars of health care costs in the United States in 2000 [2] , and is one of the significant factors for unintentional injury resulting in death in people aged 65-85. As the number of older adults increases, the number of fall-related injuries and death is also likely to increase [1] . Over one third of community dwelling adults, aged 65 and older, fall each year [3, 4] , and the rate of falls increases by 7%-17% for adults 80 years and older [4] [5] [6] . Falls are the leading cause of admission to nursing homes and assisted care living facilities [6] , and healthcare costs associated with falls are estimated to increase dramatically as fall-related injuries increase for older adults [7] [8] [9] . Although the number of injuries and deaths and the economic impact of falls continue to rise, the greatest cost is in the loss of mobility, independence, and autonomy in the later years of life.
Examining methods to identify fall risk factors is paramount to developing a successful strategy to decrease the rate of falls in the United States. A number of studies have examined some of the more common comorbidities that increase fall risk in the geriatric community. Motor impairments rank as one of the most significant factors in falls, resulting from decreases in muscle mass, muscular strength, and muscular power [10, 11] . Several comorbidities, including neuropathy, diabetes, and high blood pressure, are known to accelerate this degeneration, and thereby increase the risk of falling [12] . In order to quantify this degeneration, we used electromyography, a method long used for assessment of musculoskeletal health and 2 EURASIP Journal on Advances in Signal Processing diagnosis of specific diseases. To analyze gait associated with detrimental comorbidities objectively, we propose a method using time-frequency analysis of the EMG signals. Since classical EMG analysis uses subjective or intuitive methods to assess gait abnormalities, it is desirable to analyze parameters pertaining to gait in relation to the specific degeneration cause by the aforementioned comorbidities.
Historically, electromyography (EMG), the method of recording the electrical or neurological activity of skeletal muscles, has been particularly useful for determining medical abnormalities and gait deficits, such as neuropathy, Parkinson's, and carpal tunnel syndrome. This paper records gait patterns and EMG signals for comparison across different individuals, with and without the comorbidities in question. To compare subject-to-subject electromyography data accurately, an independent reference of gait is desirable. Therefore, we used a pressure-sensitive walkway, which records time and pressure data that, by an external trigger, is time-synchronized to the recording of the EMG signals, by use of a series of pressure sensors tied together. The EMG signals are recorded using eight surface EMG sensors routed to a wireless transmitter pack, which sends the data to a host computer. This data acquisition process and experimental setup are described in detail in Section 2.1.
However, due to the transient nature of EMG signals [13] , we chose an advanced signal processing approach known as time-frequency analysis. Time-frequency analysis techniques have also been applied to EMG signal analysis, in considering the complex phenomenon known as localized muscle fatigue [14] , as well as for the assessment and accurate classification of Parkinson's disease [15] . A unique subset of this methodology, known as cross timefrequency analysis, is the primary focus of this paper. This methodology can directly compare two signals and identify discrepancies in the time and frequency domain simultaneously. Previous applications of time-frequency analysis use a thresholding method for signal selection and division, as opposed to our approach, which uses the gait information directly for signal selection. When this method is used in conjunction with cross timefrequency analysis, we can compare EMG data across the same period within the gait cycle. Time-frequency analysis techniques have seen successful application to the biomedical realm, such as in determining the feedback relationships between postural control and visual impairment [16] in the platform test environment. As the knowledge base for application of cross time-frequency analysis grows, the clinical application for this method will become more apparent.
Our experimental setup is introduced in Section 2. The methods of time-frequency analysis and cross timefrequency analysis are discussed in Section 3.1, as well as our unique selection of metrics. Section 4 discusses the results of our initial trial in detail, explaining the application of the metrics to two specific cases, then going on to compare the results of the initial trials. The metrics determined show significant discrepancy on our initial data in a quantitative manner, with differences around eleven percent between hypertensive and nonhypertensive cases.
Electromyography, Gait, and Data Acquisition
Since muscle activation is not easily apprehended by visual inspection, clinical observation alone does not provide a complete picture of gait coordination. Electromyography can provide information about muscle function within the gait cycle, and the timing of the muscles as they work in selfcoordination [17] . The electrical signals recorded during firing the muscles may be either over-or underactive in the affected muscle groups. We selected four major muscles, including the vastus lateralis, biceps femoris, tibialis anterior, and gastrocnemius due to the predominant role each muscle plays in gait and the muscles' accessibility for data collection.
There is a large range of subjects present in this study, consisting of 57 elderly subjects and 10 younger subjects. Elderly subjects were all over age 65, 30% male, while the younger subjects were all under 35, 90% male. Recruitment for subjects occurred from a geriatric medical practice and a local retirement community, as well as the graduate department of the publishing school. We obtained approval from the IRB, and all subjects provided informed consent. All participants were cognitively intact, community dwelling healthy older adults, who were ambulatory and living independently. We excluded participants who had a score of less than 25 on the Folstein Mini Mental State Exam (MMSE) [18] . Inclusion in the study was independent of gender, race, or ethnic background. We gathered medical records for each participant from his/her primary care physician. A clinical research nurse reviewed the records and categorized them into two groups according to hypertension diagnosis or no existing comorbidities.
Data Acquisition.
In order to acquire gait-synchronized EMG signals, we used a commercially available wireless surface EMG interface, in conjunction with a pressuresensitive walkway. Figure 1 shows the experimental setup used to collect data. The wireless EMG system uses a lithiumion powered pack (c), which acts as an IEEE 802.11b broadcast host. The eight surface EMG sensors (b) route to the pack, where the signals are amplified. The pack samples at 1 kHz, with a band-pass filter set from 20 Hz-450 Hz, sensor to amplifier length is less than 2 m. When recording, data transfers to a host computer (e) using the Wi-Fi link.
The mat (a) in Figure 1 is a 6 m long runway with 48×384 pressure sensors distributed uniformly throughout the mat itself. These sensors route to a central recording unit (f) that samples the sensors at 60 Hz. This sampling records footfall pressure changes in time over the length of the mat. Using a time-synchronization triggering system developed in-house, the signals recorded by the wireless EMG system correspond in time to the information recorded by the walkway.
For the experiment, surface EMGs were applied to the four muscles in each leg by a trained research professional. Figure 1 also shows the location of each of these four sensors, placed on each of the four largest muscle control units responsible for gait, as described in the previous section. The wires were then secured and connected to the wireless transmitter pack. The subjects walked on the pressuresensitive walkway at a normal pace for two trials, then at a faster pace for two additional trials. Subjects began their walk at a designated acceleration line 2 m before the beginning of the mat and continued to a deceleration line 2 m after the end of mat. Figure 2 is a graphical example of a single walk file from a healthy subject. Shown in the first two plots are the left (a) and right (b) gastrocnemius muscle's EMG signals and under these plots is a record of the time-aligned y position information. Due to the four-dimensional (time, X, Y , and pressure) nature of the mat, only the time and Y -axis (the span of the mat) are displayed (c). The stance phase divisions, marked in red, are determined independent of the EMG information and are located entirely by gait analysis. These divisions align with signal groups for the gastrocnemius contraction, due to its use primarily during the stance phase. The primary wave packets (S 1 , S 2 ) correspond to contractions, and their secondary compliments (S 1 , S 2 ) correspond to the stance phase of the opposing leg, during which time the gastrocnemius should be in relative disuse.
Once these wave packets are selected in software, we can properly analyze them using time-frequency analysis. By then comparing the wave packets to one another within an individual, we can gather information unique to that subject. Section 3.2 discusses the parameters by which we compare subjects in more detail.
Use of Gait Synchronization for Signal Division.
In order to address the problem of cross-subject muscular activation comparison, we used a footfall synchronization approach. The normal gait cycle employs similar muscular activation regardless of the subject, and is desirable for use as a standard to compare same-muscle activation across subjects. Using the same portion of the gait cycle from subject to subject ensures that upon analysis, the EMG signals are comparable. This method ensures that each cross time-frequency plot is aligned across each subjects' individual gait cycle, and each 0 0.5 1 1.5 2 2.5 3
Time (s) signal selected is taken at the same time. After selection, the signals are zero-padded to equalize their lengths to the longer of the two signals, but all signals start immediately at the beginning of each footfall. Figure 2 shows this signal separation in detail within the gastrocnemius muscle, as denoted by the red lines. Each muscle group has different periods of activation, making it desirable to determine the optimal signal selection based on the gait cycle. Figure 3 shows the normalized energy in each of the four muscle groups on one leg through the course of a single healthy gait cycle. Within a single gait cycle, the four major muscle groups contract and release to control joint actuation, thus producing locomotion. The gastrocnemius muscle (c) lends itself to analysis by the nature of its contraction over the course of a single stance phase, as well as its importance to overall gait health. This muscle activates during the push-off stage leading up to the swing phase, actuating the heel and preparing the heel for contact during the next stance phase. During the release of the muscle, the opposing leg's muscle begins activation, causing a very distinct pattern that aligns with footfalls. Thus by lining up wave packet selection with the beginning of each swing phase, we captured the contraction of the muscle over the course of the swing.
Theory of Application of Time-Frequency
Analysis to EMG Signals 
where h(t) is a window function centered at time t. While moving along different time slices, we can determine the frequency content at each slice using the Short-Time Fourier Transform (STFT) [19] . The equation for the STFT is
By this definition of STFT, one can find the magnitude of the signal at any time and frequency. This representation's resolution on time-frequency domain is highly dependent on proper selection of the window, h(t). Due to the transient nature of electromyography signals as shown in Figure 3 , a single window for all cases is not ideal. Therefore, it is desirable to use a representation that is less dependent on proper window selection. The Wigner distribution is one such kernel, but is extremely susceptible to crossterm distortion [19] , and when signal characteristics are unknown, this distribution becomes difficult to interpret.
We therefore use the Reduced Interference Distribution (RID), which has the advantages of a time-and frequencydomain representation, while eliminating cross-terms using time-smoothing window as well as a frequency-smoothing window. This distribution has seen previous application in time-frequency analysis when dealing with EMG signals [13, 20] . These windows reduce the effect that cross-terms have by attenuating the signals where the cross-terms would otherwise occur [21] . The RID is defined as follows:
where R x (t, τ) is an instantaneous autocorrelation with a time-smoothing window, h(τ). For our purpose, we chose to use a Hanning frequency-smoothing window. Thus, for a signal x(t) in the time-domain, the instantaneous autocorrelation function is
where g(v) is a frequency-smoothing window.
The traditional time-frequency distribution enables us to analyze the time-varying spectral characteristic of a single waveform. However, in this study of gait, it is necessary for us to consider a time-localized cross-correlation between two signals, such as left and right muscle groups responsible for gait. In this paper, the wave packets defined as S i j correspond to the time-domain signal x(t). Shin et al. established a cross time-frequency transformation based on Williams' [21] definition that preserves phase information [22] . To develop this transformation, we begin by using the definition of the instantaneous cross-correlation
From here we apply the Fourier transform to obtain the cross-Wigner distribution W x1x2 (t, ω),
By taking a 2-D Fourier transform of the desired kernel and then inserting this transformed kernel into the definition of the cross-Wigner distribution, we preserve the phase information contained in the kernel:
where Φ(t, ω) is the 2-D Fourier transform of the desired kernel φ(θ, τ):
We finally define the cross time-frequency distribution as follows [22] :
By preserving the phase, we can ascertain valuable information that would otherwise be lost, as well as information about the correlation between two signals x 1 (t) and x 2 (t). In contrast to the cross-correlation, the cross time frequency-moments where the peak correlation between two signals occurs. Since this distribution returns a set of complex numbers, we assess the cross time-frequency analysis using the real part of the distribution. Our method uses the definition and properties of cross time-frequency analysis [22] to arrive at the quantitative metrics defined in Section 3.2. We define the joint time-moment and frequency-moment by use of the real part of cross time-frequency distribution, respectively,
Because the cross time-frequency distribution is a complex representation, we find the normalized time and frequency moments by taking the real portion of the distribution. As we take the real part of the complex cross time-frequency distribution, the joint moment will collapse to instantaneous frequency and group delay in traditional auto time-frequency analysis if the signal pair x 1 (t) and x 2 (t) are identical. These joint moments in time and frequency domain are critically relevant for our study, where the time and frequency localized correlation is representative of muscular activation and force. For simplicity of mathematical expressions below, we assume that the cross timefrequency distribution (J x1x2 (t, ω)) is normalized to unity. Extending the definition of the joint time-and frequencymoments in (10), one can define following normalized joint 6 EURASIP Journal on Advances in Signal Processing time-and frequency-centers based on cross time-frequency distribution:
The joint time center (t x1x2 ) and frequency center (ω x1x2 ) enable us to identify the time and frequency centers of the pair of signals x 1 (t) and x 2 (t). In particular, the joint frequency center allows us to determine most significant overlapping frequency components between the signal pairs, a property utilized by one of our three metrics for evaluation. The applications of this definition and its experimental result are discussed in Section 4.1. Furthermore, the joint time and frequency center enable one to determine joint time duration (T x1x2 ) and frequency bandwidth (Ω x1x2 ) as follows:
The traditional definitions of time duration and frequency bandwidth describe the degree of a distribution's spreading in the time-frequency domain. Likewise, the joint time-duration and joint frequency-bandwidth quantify the degree of spreading of the joint time-frequency signature in time and frequency domain respectively. In conjunction with the joint frequency center defined in (1), one can find significant differences between the healthy and unhealthy subjects' EMG signature in terms of the joint time duration (T x1x2 ) and joint frequency bandwidth (Ω x1x2 ), which is discussed in Section 4.1.
Metric Selection.
After the wave packet selection, it was desirable to obtain measures of overall gait health, as well as defining features, within the time-frequency analyses of the signals. By review and analysis, we have developed several parameters by which we gauge each subjects' overall fitness as it pertains to muscle activation for gait. These metrics are: the time-and frequency-bandwidth of the wave packet peak (to the −3 dB point of the peak), the frequency center of the wave packet peak, and the percent of energy in the signal above 100 Hz. Figure 4 shows the cross time-frequency distribution of a left and right EMG wave packet for single subject, with the two wave packets represented in both the time and frequency domain. The gait cycle is aligned in the figure, identifying the parallelism between muscular activation and the push-off phase of the gait cycle. The area above the white line denoted by (e) corresponds to the energy measured above 100 Hz through the course of a single contraction of the gastrocnemius. The focused area (f) contains the energy peak of the wave packet. This is the point at which the peak instantaneous energy in the wave packet occurs, as well as the time duration of the peak contraction and the frequency bandwidth of the same contraction.
It has been shown that higher mean frequency corresponds to a higher amount of force [23] , and in the case of gait, this translates to cadence that is more succinct and deliberate, but can also indicate overexertion or inefficiency. The frequency center correlates to the maximal torque achieved within the muscle, specifically at the push-off instance in the gastrocnemius (see Figure 4) . Therefore, it is desirable to examine this parameter as it relates to every footfall. This frequency center has a very distinct band around it, which corresponds to a much higher level of energy than otherwise present in the wave packet elsewhere. We measured and recorded this bandwidth, in both the time and frequency domains for each footfall as well as for the cross time-frequency analyses.
Through use of the time-frequency representation, we can easily determine the amount of energy within a specific range by merely integrating over the desired range. We then divide by the total energy contained in the signal to find a percentage.
This became our fourth metric; because more time spent when muscles are in this band correspond to faster contractions, and thus more powerful joint actuation. The four metrics are now defined, and in order to condense the large volume of metrics that exists upon time-frequency analysis of every footfall, a matrix must be defined to condense and intelligently present this information.
Definition of Matrix.
As was previously described, Figure 2 shows the primary and secondary wave packet definitions. It was desirable to compare these wave packets to one another, as well as to perform analysis upon the primary wave packets themselves. To organize the comparison between the primary (S 1 , S 2 ) and secondary (S 1 , S 2 ) signals, a matrix was developed that can be used to represent the different parameters generated by each wave packet.
Equation (14) is the definition of our Spatiotemporal Discrepancy Matrix (SDM) proposed for this study. The cross time-frequency distribution metrics are in the upperright triangle, and the metric value contained in each slot is the value for that particular pair of wave packets' cross time-frequency analysis. The main diagonal contains the metrics for the autocorrelation of each prime wave packet, and the lower left triangle contains cross-correlation of the secondary wave packets. When performing analysis, this information is valuable for some cases of hypertensive subjects, as particularly in the case of the gastrocnemius, this muscle should not be active where S i j , i = j is the time-frequency distribution, S i j , i > j is the cross time-frequency distribution between S i and S j , S i j , i < j is the cross time-frequency distribution between S i and S j , and i = j = the total number of footfalls in the walk. Ergo, the values above the main diagonal correspond to the cross time-frequency analysis of the primary signals, and the values below the main diagonal correspond to the secondary signals. Each metric for each walk is organized into a single matrix, thus for a single walk, there are three matrices, as shown in Table 1 .
These functions were defined in Section 3.1 by (12) and (13) . The method by which we further condense the information and the use of the matrix is described in Section 4.2. 
Application of Time-Frequency Analysis.
Upon acquisition of data, we exported data for each walk to commaseparated value format and imported this information Using an algorithm that compares standard deviation within the X and Y coordinates to look for large gaps where footfalls occur, sections of stride were identified and their time instances flagged, as described in Section 2.2. These time instances correspond directly to the muscular activation during the gait cycle. After the selection of the signal using the footfall data, cross time-frequency information for each pair of footsteps (left, right, cross, all) was synthesized, and the metrics defined in Section 3.2 were stored in a matrix, defined in Section 3.3. This generated one matrix for each metric, for each walk, of which there are four per subject. After creation of the matrices, data was aggregated and analyzed based on medical history. Subjects found to be without hypertension, diabetes, neuropathy, and a vitamin D deficiency were considered for the selection of our normal curve, as well as subjects under the age of 65 that had no gaitaltering conditions.
Experimental Results

Cross Time-Frequency Analysis of Gait EMG Wave
Packets. To ascertain the significance of the findings of this paper, we will first examine two cases in detail, using the methodology described in previous sections. Figure 5 shows an example of one subject's gastrocnemius EMG signals in the time-domain during normal gait. The signals are separated as described in Section 2.2, beginning with a left footfall. These separated signals provide the data to which we will apply time-frequency and cross time-frequency analysis.
As was observed in Figure 2 , for a healthy case the gastrocnemius muscle activates during the stance phase of its corresponding leg. To gain a more meaningful perspective on the data, we will use time-frequency analysis. Figure 6 shows a series of time-frequency visualizations of the signals denoted by S 1 − S 6 . The time-domain waveforms on which the time-frequency analysis is performed is the same across all six signals. The EMG signals were truncated as indicated in Figure 5 .
It is clear from this set of representations that the gastrocnemius muscle activates for a large portion of the stance phase, culminating at push-off, around 350-400 ms. It is also worthwhile to notice the amount of content above 100 Hz. S 3 is shown in more detail in Figure 7 .
As discussed in Section 3.2, there are several metrics we identify and compare in each signal's time-frequency analysis. In this footfall, the frequency center lies at f = 137 Hz (d). This frequency center marks the frequency at which the highest instantaneous energy occurs within the wave packet. Fifty-one percent of the energy within the wave packet is above 100 Hz, which signifies overall faster contraction throughout the wave packet. Also of note is the time duration, which is 48 ms for this wave packet. Shorter time durations correspond to a more succinct pushoff, and the frequency bandwidth corresponds to a more focused set of firings. Figure 8 shows the time-domain signal of the left and right gastrocnemius for another subject. Note the use of the muscle during the swing phase, during which the muscle should show very little use, if any at all. The swing phase for the muscle is marked by the secondary signals (the prime signals). There is also a large amount of muscle usage just before heel strike, where this rotation should be natural rather than orchestrated by the gastrocnemius. The time-frequency distribution of wave packet 3 is provided in Figure 10 . The peak energy frequency center is located at f = 68.2 Hz, almost 50 Hz below the previous case. Also visible in the energy spectral density is a lower mean frequency. In addition, the amount of frequency content above 100 Hz is only 24.2%, composing less than one fourth of the total energy. When comparing to Figure 7 , the number of significant firings is also noteworthy. In the previous case, the energy up to the push-off point follows a smooth curve, while in this case firings occur rapidly, and are separated rather than contiguous. This becomes more visible in Figure 9 .
In Figure 9 , the discrepancies of the frequency center and energy above 100 Hz become apparent between the two cases. Note that in the second case, the maximum frequency of the peaks rarely exceeds 200 Hz, and each wave packet shows short and pronounced time durations. In Figure 6 , the peaks often exceed 200 Hz, and are longer in duration in the lower-frequency bands.
After developing the metric definition for small cases, it is desirable to develop this information for a large number of cases. It is difficult to examine all cases visually, due to the number of individual time-frequency distributions performed on a per-footfall basis. The matrix described in Section 3.3 solves this problem by condensing the dense amount of information contained in a single time-frequency analysis into the primary metrics, which differ between subjects. By focusing only on the differentiating metrics, it is easy to develop a conclusion.
Spatiotemporal Discrepancy Matrix and Interpretation.
The SDM developed contains all pertinent information for each metric as it pertains to each footfall. We compiled data for all subjects, whose medical report information was available at time of publication, therefore allowing us to compare averages across comorbidities. Equation (15) the matrix for the maximum frequency point for the case examined in Section 4.1 
The main diagonal (boxed), as discussed in Section 3.3, contains the value of the frequency center for the autocorrelation wave packets shown in Figure 6 . The upper-right triangle contains the values for the cross time-frequency analysis performed between two wave packets. Averaging these values together, we find an average frequency center of 81.32 Hz with a standard deviation of ±19.40 Hz. We then contrast this information with the second case we examined 
It is immediately apparent that there are lower values for the frequency center on average. The mean value of the pertinent wave packets is 65.66 Hz with a standard deviation of ±19.9 Hz. When analyzing the matrices, it was determined that due to the nature of gait, one leg may perform slightly differently than the other. We therefore examined average metric values across all walks for the right foot, left foot, between feet, and as an average of all feet for the cross timefrequency distributions between each footfall, rather than a single lump sum average. Figure 11 shows these relations for 5 control subjects and 5 hypertensive subjects, with standard deviations marked.
As discussed in Section 4.1, the frequency centers, as well as the amount of energy above 100 Hz are measures used for assessing overall gait health. As is clear from the table, the nonhypertensive subjects have different values for the metrics in the intrafoot analyses. In addition, frequency center is lower for the control subjects, corresponding to less force in push-off activation. The percent of frequency content above 100 Hz is also significantly different, again corresponding to the overall force exacted by the muscle, and the amount of muscle use. When we look at the overall standard distribution of the metrics, we see in more detail the discrepancies between the groups.
Statistical Analysis of Control Subjects.
Upon examination of the control subjects, normalized distribution characteristics were identified between the subjects, specifically those with no comorbidities, as seen from Figure 11 . Therefore, we endeavored to create normal distributions based on the metrics of different groups' footfalls. To create a normal distribution for control subjects, we identified 10 subjects with no comorbidities or gait dysfunction. We used the methodology described in Section 3.4 to analyze both sets of faster-paced walks, and created a set of event metrics for each subject. For a subject with six footfalls in a single walk, there are six metrics generated for each of the left foot, right foot, and cross-foot measures. With two walks per subject, when combined, there are 36 individual metric values for one subject. Our normal metric, therefore, is based on a large number of sampled data, two walks from each of ten subjects. This normalized curve serves as a reference to which we can compare the recorded cases with significantly degenerated gait. Figure 12 shows the standard distribution of ten control cases, with no comorbidities, and several subjects whose metrics lie well outside the standard distribution. These graphs are organized across the four metrics, and are based on the left foot, right foot, cross-foot, and combinations (all) of each cross time-frequency pair given by each set of footfalls. Because the time-bandwidth (a) and frequencybandwidth (b) are both found in a similar manner, they are presented first, followed by the frequency center (c) and percent over 100 Hz (d). The size of population is relatively small in this pilot study, but we assumed normal distribution for a convenience of confidence level determination. With the calculated mean and standard deviation of the controlled subjects displayed as a Gaussian standard distribution, the outlying subjects are organized such that they lie in the x-axis where their mean value occurs (for the respective metric).
The y values of the outlying subjects are arbitrary, and are organized to allow for legibility of the corresponding subject numbers. Mean and variance of individual distribution are provided in each sub-figure in Figure 12 .
Upon investigation of the outlying subjects' medical histories, we find a large number of comorbidities present in varying degrees in each of the cases. Several of the medical conditions of the outlying subjects are listed in notified by the other measures. It is a notable fact that the frequencyrelated parameters in Figure 12 are obtained by cross timefrequency analysis that captures time-localized cross spectral characteristics of signals, which is proposed in this paper Table 2 .
The majority of subjects have hypertension, and many exhibit other comorbidities that exacerbate the symptoms and complications of hypertension. The standard deviations of distribution are marked in Figure 12 , to show the confidence with which the normal distribution identifies outlying subjects. One can find that both the time bandwidth and frequency bandwidth are less effective in their assessment of outlying subjects, while the frequency center and percent above 100 Hz measures have much lower variance in the control distribution. However, the cas-es identified by both the time and frequency bandwidths are also identified by the other measures. It is a notable fact that the frequencyrelated parameters in Figure 12 are obtained by cross timefrequency analysis that captures time-localized cross spectral characteristics of signals, which is proposed in this paper.
As is apparent in the table, several of the outlying subjects had multiple comorbidities that jointly affect gait. This fact corroborates the hypothesis that specific, measurable quantities can be used to identify certain comorbidities that affect gait. Identifiable measures of change include a higher frequency center for hypertensive subjects, more energy over 100 Hz, larger-frequency bandwidth, and a smaller time-bandwidth. These findings corroborate the existing knowledge base, but the trends in this case are entirely quantifiable due to the use of the cross time-frequency analysis technique. It should be noted, however, that not all the hypertensive cases were identified at this time using the metric, but those cases that were not identified typically had fewer comorbidities than those identified. This result can be interpreted such that the proposed methodology is suited towards identification of severe cases of hypertension or other comorbidities, rather than strict identification of 14 EURASIP Journal on Advances in Signal Processing hypertension. It is necessary for us to investigate statistical correlation between hypertension and gait problems in future. Also, due to the accuracy of the medical records provided, and a general difficulty in assessing hypertension, it is unknown which subjects' hypertension was controlled, uncontrolled, or otherwise more extreme as compared to other cases. And although the proposed use of cross timefrequency analysis may be helpful for the identification of these comorbidities, it is still necessary for a trained clinician to assist in the diagnosis and assessment of health in clinical applications. Ultimately, the goal of this methodology is to assist physicians in the identification of comorbidities, and then have their presence corroborated by clinical diagnosis.
Conclusion
Because certain comorbidities, directly affect gait, analysis of the electromyographic signals of the muscles responsible for gait is useful for identifying signs of these comorbidities, as well as deficiencies in gait patterns. Doctors using electromyography, however, are subject to error, and most EMG signals have very dense information packing, making it difficult to ascertain certain details. This research has proposed a solution using time-frequency analysis of gaitrelated EMG information that uses four quantitative metrics to distinguish hypertensive and nonhypertensive cases. Through careful selection of each wave packet, we have created an algorithm that can accurately compare parameters of wave packets on an individual subject basis. This method relies on the synchronization of footfall data with collected electromyographic data. This synchronization makes possible the cadence separation to allow for crosssubject comparison of muscle activations. After separation, cross time-frequency analyses are performed using a reduced interference kernel on several cases to determine specific markers that identified discrepancies between hypertensive and nonhypertensive subjects. These metrics, obtainable through the time-frequency analysis of footfall wave packets, are the time duration of 25% of the peak of the signal, the frequency at which the peak instantaneous energy occurs, and the ratio of energy above 100 Hz to the energy of the wave packet. Using the cross time-frequency analysis, we can uniquely compare sets of muscle activation wave packets and determine the weighted value of the interaction between muscles.
In this paper, we analyzed two cases in detail, substantiating the basis for our metric selection. We then developed our matrix to compare these individual metrics, and using this matrix, we compared different subjects to one another. The resulting differences show that upon analysis and comparison between control cases and hypertensive cases, all four metrics identify discrepancies within one standard deviation. This quantitative analysis of gait degeneration is unique in its independence from intuitive assessment, as well as the accuracy of muscle activation selection ensured by synchronization of gait with EMG acquisition. As work continues on this ongoing project, we hope to substantiate our claims by processing and analyzing a greater number of subjects. We desire to analyze at least 80 subjects, increasing the efficacy of our results. This paper examined a very specific set of gastrocnemius activations during only the stance phase, but recordings exist for three additional muscles, as well as the opportunity to analyze and categorize abnormalities in the swing phase for the gastrocnemius muscle, as well as the other muscles. In this preliminary study, analysis focused on the gastrocnemius muscle during the stance phase, but not during the swing phase, leaving a large portion of information untapped. As the size of our database increases, we will continue to develop and identify new methods and metrics by which to identify those subjects with comorbidities, and while these results are promising, more substantiation is necessary before we begin investigating reliable clinical application.
